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Abstract: Application of multivariate methodologies for the evaluation and in-
terpretation of space-time variations in an environmental monitoring data set
from an hydrological basin is presented in this study. The results obtained al-
lowed detecting natural clusters of monitoring sites with similar water quality
type and identifying important discriminant variables for each cluster. Further-
more, this type of analysis allows reducing the number of models in the variables
future modelling process.
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1 Introduction
Both anthropogenic pressures and natural processes account for degrada-
tion in surface water quality. Surface water quality monitoring has as its
main objective the characterization of water resources, as well as the mon-
itoring of its space-time evolution in order to achieve an appropriate ad-
ministration. Multivariate statistical analyses have become widely applied
in water quality assessment and sources apportionment of water over the
last years (Shrestha and Kazama, 2007). In this study, multivariate statis-
tical methods as Cluster Analysis (CA) and Principal Component Anal-
ysis (PCA) will be applied with the aim of evaluating and interpreting
the space-time variations of surface water quality of any given hydrologi-
cal basin. These methodologies allowed a reduction in the dimensionality
of the large data set. In particular, CA has allowed the identification of
homogeneous regions (i.e., groups of monitoring sites with similar charac-
teristics in terms of quality variables), thus reducing the large number of
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monitoring sites into a small number of homogeneous groups, and PCA
delineated a few latent factors indicating the variables responsible for large
variations in water quality. This global reduction will be very useful in the
future modelling process (Costa and Gonc¸alves, 2012).
2 Methods
2.1 Study area and data description
The Ave hydrological basin is located in Northwest Portugal and its main
adjacent streams are the rivers Este, Selho, and Vizela. The surface water
of River Ave has high pollution levels and the water quality measurements
failed to comply with the objectives of minimum quality for surface waters.
Since 1988 the Portuguese government has been monitoring the surface
water quality monthly along the river Ave and its main adjacent streams
by means of 20 monitoring sites. It was analysed a data set of 11 qual-
ity variables (ten physicochemical ones and one microbiological) relevant
to the evaluation of surface water quality of rivers subjected to discharges
of industrial effluents: pH, dissolved oxygen (DO), chemical oxygen de-
mand (COD), biochemical oxygen demand (BOD5), total suspended solids
(TSS), oxygen demand (OD), ammonical nitrogen (NH4-N), nitrate nitro-
gen (NO3-N), conductivity (COND), water temperature (WT), and faecal
coliforms (FC). This data set consists of monthly values of water quality
variables measured between 1988 and 2006.
2.2 Cluster analysis
We performed cluster analysis for the grouping of monitoring sites with
similar water quality characteristics. In this study, hierarchical agglomer-
ative CA was performed on the normalized data set. For the hierarchical
agglomerative CA procedure purposes it will be considered the measure of
dissimilarity proposed in Gonc¸alves and Alpuim (2011). The main prob-
lem is that for all locations and variables there are not observations for all
months under study. Therefore, let us consider xikt the value of the qual-
ity variable k, measured at location i, in time t. Let Pt be the set of all
quality variables measured at the same time t, in both sites i and j. The
Euclidean distance at this time instant between locations i and j is given
by the expression
distij(t) =
[∑
k∈Pt
(xikt − xjkt)2
] 1
2
.
This dissimilarity measure corresponds to the average of this distance over
all months t, where there is at least one quality variable with measurements
in the two sites, that is
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FIGURE 1. Dendrogram showing clustering of sampling sites according to surface
water quality variables without PEV, and also the spatial representation of River
Ave’s clusters.
dij =
1
#Mij
∑
t∈Mij
[∑
t∈Pt
(xikt − xjkt)2
] 1
2
, i, j = 1, . . . , 20,
where Mij is the set of all months with at least one variable measured in
both sites i and j.
The final result of the obtained groups was discussed according to the
complete linkage method. This method was used because, in this case, it
rendered well-defined clusters and according to the reality of the river basin.
According to the dendrogram analysis six well-differenced clusters are ob-
tained. The obtained dendrogram of the monitoring sites and the clusters
geographical representation are shown in Figure 1. Taking into consider-
ation the quality variables averages within each cluster, they are classi-
fied into five categories according to their pollution levels established by
the National Department for Pollution Control (NDPC): ”Without Pollu-
tion (WP)”, ”Moderately Polluted (MP)”, ”Polluted (P)”, ”Very Polluted
(VP)” and ”Extremely Polluted (EP)”. Each cluster is classified based on
the NDPC criteria, which are determined according to the worst value of
a given variable observed in the cluster. The resulting classifications of the
six clusters confirm the previous knowledge that effluent discharge varies
according to natural and geographical/economical reasons. Cluster I (con-
sisting of just one site-CANT) may be characterized as Without Pollution
and corresponds to the source of River Ave. Then there is a set of loca-
tions which can be defined as Moderately Polluted (Cluster II, composed
by GAR, TAI, PEV, GOL, FER and VSA), including 6 sites in both adja-
cent streams Este and Vizela. These stations receive pollution mostly from
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domestic wastewater and from agricultural and manure discharges. Cluster
III, classified as Polluted 1 (P1), is composed by BAL and PJU located in
River Este, where the quantity of nitrate-nitrogen has been relatively high.
In Cluster IV, six of the monitoring sites (RAV, CAN, POR, PVA, FOR,
and CVI) are situated in the River Ave and only one, CVI, is located at the
most downstream site of River Vizela. This is a densely populated region,
with high industrial productivity, and here the River Ave receives similarly
polluted waters (Polluted 2 (P2)) from its adjacent rivers. In Cluster V,
with 3 sites, LOU (in river Este), STI and PTR (located near the most
polluted area of the basin), there is a growing urban population and a high
concentration of industrial activity. Cluster V was classified as Very Pol-
luted. Finally, the most polluted cluster, Cluster VI (EP), consists of two
stations, PBR and PED, located near the mouth of the Selho tributary
and represents a highly polluted area. These sites receive pollution from
domestic wastewater and industrial effluents located in city areas.
2.3 Principal component analysis
PCA is designed to transform the original variables into new, uncorrelated
variables, called the principal components (PCs), which are linear combina-
tions of the original variables (see Barnett, 198). PCA allows us to explain
and evaluate the correlation structure between observed variables in water
quality sampling stations and to identify relevant factors. The PCA tech-
nique is separately applied to the homogeneous groups of water monitoring
sites (6 clusters), as obtained in the first clustering procedure, by taking
into account all 11 water quality variables. The Kaiser-Meyer-Olkin (KMO)
statistics and Bartlett’s test were performed in order to examine the data
suitability for PCA (KMO= 0.85). Spearman rank-order correlations were
used to study the correlation structure between variables in order to ac-
count for non-normal distribution of water quality variables. A modified
PCA was separately performed on the raw data sets (11 variables) for the
six different regions (clusters) WP, MP, P1, P2, VP and EP, as delineated
by CA techniques, in order to compare the compositional pattern among
the analysed water monitoring sites and to identify the factors influenc-
ing each one. To further reduce the contribution of variables with minor
significance, the PCs were subjected to varimax rotation (raw) generat-
ing varifactors (VFs). The PCA of the six data sets yielded four PCs for
the WP and MP sites, three PCs for the P1, P2, VP and EP sites with
eigenvalues > 1, explaining 69.86, 63.52, 69.91, 69.31, 65.66 and 73.12 of
the total variance in the respective water quality data sets. Corresponding
VFs, variable loadings and explaining variance are obtained for 6 clusters.
Here we will only present the results for Cluster VI (EP), in Table 1, and
then their respective interpretation.
Concerning the data set pertaining to EP sites, PBR and PED, among the
three varifactors kept in the application of ACP, Varifactor 1 explains 43.66
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TABLE 1. Loadings of experimental variables (11) on the first three rotated PCs
for EP sites data set. Bold values indicate strong loadings.
Variables Varifactor 1 Varifactor 2 Varifactor 3
BOD5 0.235 0.778 0.222
COD 0.251 0.864 0.063
TSS -0.303 0.751 -0.260
DO -0.885 -0.262 -0.093
OD 0.279 0.905 0.117
NH4-N 0.806 0.086 0.092
NO3-N -0.776 -0.171 0.184
FC 0.379 0.273 0.301
COND 0.560 0.588 0.290
WT 0.885 0.019 -0.079
pH -0.121 0.064 0.913
Eigenvalue 4.803 2.133 1.108
% Variance explained 43.663 19.387 10.070
Cumulative % variance 43.663 63.050 73.119
percent of the total variance, has strong negative loadings on the variables
DO and nitrate-nitrogen and also strong positive loadings on ammonical
nitrogen and temperature variables. This varifactor contains the variables
most related to pollution of anthropogenic origin. The same happens with
Varifactor 2 (an organic factor), which explains 19.38 % of the total vari-
ance and presents strong positive loadings on BOD5, COD, TSS, OD and
COND (representing influences from domestic wastewater and industrial
effluents). Varifactor 3 explains 10.07 % of variance, with strong positive
loadings on pH, and presents the influence of this variable on the chemical
processes in EP waters. The obtained latent multifactors, with hydrochem-
ical meaning, indicate that the responsible variables for the variation of the
basin’s water quality are mainly related with effluent discharges of anthro-
pogenic origin (agricultural and industrial origin) along the River Ave and
its tributary streams. Only in areas WP or MP do latent factors represent
the variability inherent to the natural climatic seasonality and the variabil-
ity associated to the basin’s geomorphological characteristics, both of which
naturally influence the hydrochemistry of the river’s surface water. The ob-
tained varifactors indicate that the quality variables responsible for water
quality variations are mainly related to discharge and temperature (natural
origin), nutrients and organic pollution in relatively less polluted areas, pol-
lution by organic matter and nutrients from anthropogenic sources (mainly
as discharges of industrial and municipal wastewater), and manure affect-
ing the quality and hydrochemistry of river water in highly polluted areas
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around the basin.
3 Conclusions
Hierarchical CA grouped 20 monitoring sites into six clusters of similar
water quality characteristics and, based on the obtained information, it is
possible to design a future, optimal spatial sampling strategy which could
reduce the number of sampling monitoring sites and associated costs. The
results of CA confirm the expected behaviour of the temporal/spatial dy-
namics of pollutants concentration (along the river and its main streams),
thus allowing to reduce the large number of monitoring sites into a small
number of homogeneous groups.
The ACP analysis indicates that clusters have distinct factors/sources re-
sponsible for variations in River Ave’s water quality (identifying environ-
mental, social and industrial aspects which influence water quality varia-
tions) and identifies important latent variables for each cluster. A statisti-
cal modelling procedure will be applied to a set of water monitoring sites
grouped in homogeneous clusters (like in Costa and Gonc¸alves, 2011).
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